Impact of climate change on Indian rainfed agriculture was assessed using temporal NDVI data products from AVHRR and MODIS. Agricultural vulnerability was analysed using CV of Max NDVI from NOAA-AVHRR (15-day, 8km) and MODIS-TERRA (16-day, 250m) NDVI data products from 1982 -2012. AVHRR dataset was found suitable for estimating regional vulnerability at state and agro-eco-sub-region (AESR) level while MODIS dataset was suitable for drawing district-level strategy for adaptation and mitigation. Methodology was developed to analyse NDVI variations with spatial pattern of rainfall using 1 0 X 1 0 girded data and spatially interpolating it to estimate Standard Precipitation Index. Study indicated large variations in vegetation dynamics across India owing to bio-climate and natural resource base. IPCC framework of vulnerability and exposure was used to identify vulnerable region extending from arid western India to semi-arid and dry sub-humid regions in central India and southern peninsula. This is a major agricultural region in the country with sizable human and livestock population with millions of marginal and small farm holdings. Exposure to climatic variability at local and regional levels have national implications and study indicated that over 122 districts extending over 110 mha was vulnerable to climate change that spread across 26 typical AESR in 11 states in India. Of the 74 mha under agriculture in the region, MODIS dataset indicated 47 mha as agriculturally vulnerable while coarser resolution of AVHRR dataset indicated a conservative estimate of 29 mha. First ever estimates of agricultural vulnerability for India indicates 20.4 to 33.1% agricultural land under risk from climate change.
INTRODUCTION
Climate change research predominate international dialogue and negotiations in view of growing evidence of change in climate especially during last three decades owing to increased variability and occurrences of extreme climatic event that impact human life. Scientific community opine that anthropogenic causes like increasing GHG emissions is the factor for growing weather aberrations (IPCC, 2007a, b,c; 2012) . Measuring and mapping climate change vulnerability to understand its impact has been accepted as an important initial step to strategize adaptation and mitigation measures (Parry et al., 2007; Turner et al., 2003a, b; Brinkmann, 2006; Carney 1998; UNDP, 2010 , USAID, 2013 , de Sherbininet al.,2014 Edwards et al., 2007 , Fischer et al., 2002 . Factors and indicators have been identified for study of local, sub-regional, sub-national and national studies. To understand vulnerability of agriculture in rainfed region in India, a study was carried out to assess change in Land Use -Land Cover (LULC) and on state and vigour of vegetation using Normalized Difference Vegetation Index (NDVI) and GIS tools to identify extent of agricultural vulnerability. To understand role of weather variables, standard precipitation index (SPI) was used to explain variability in vegetation vigour in the arid, semi-arid and subhumid regions of the country. Temperature variation was notanalysed explicitly as length-of-crop-growing-period was studied. Study was limited to understand the genesis and impact of extreme weather events and their resultant impact on LULC, NDVI and LGP. Time -series satellite data and data products help in examining impact of weather aberrations and Corresponding author. R. Kaushalya.E-mail address: kausalya@crida.in climate change on bio-physical cover of earth like vegetation, land use, water resource and soils (Murthy and SeshaSai 2011) . A national program wasinitiated by Indian Council of Agriculture Research (ICAR) to study impact of climate change on Indian agriculture in 2011 and the present study was carried out in Central Research Institute for Dryland Agriculture (CRIDA) to assess agricultural vulnerability in rainfed regions in India using NDVI and mapping the extent of agricultural vulnerability (Kaushalyaetal., 2013; Rama Raoet al.,2013) .
It is accepted that the severity of impacts of extreme and nonextreme weather and climate events depend strongly on the level of vulnerability and exposure to these events and are dynamic, varying across temporal and spatial scales and altered by socio-economic, demographic, cultural, institutional and environmental factors. Reduction of vulnerability is a core common element for developing strategy for adaptation and for disaster risk management (IPCC, 2012; Fischer etal., 2002) and also the objective of ICAR research program-National Initiative for Climate Resilient Agriculture (NICRA) under which the present study was conducted. Unlike impact assessment studies that document potential consequences of a climatic phenomena viz., drought or a process like dumping of hazardous waste leading to non-point pollution, vulnerability assessment focuses on factors of human or environment origin that combined or separately drive and cause vulnerability of a community or ecosystem (Vogel and O'Brien, 2004; Schroter etal., 2005; Preston etal., 2011; Fussel, 2009) . For the present study, IPCC SREX framework (2012) was followed and determinants of risk viz., hazard, exposure and vulnerability was analysed using NDVI and SPI as indicators for exposure and variations in LGP as an indicator forsensitivity of an ecosystem (USAID, 2013) .
In order to understand variations in climate and its attendant impact on Indian agriculture imparting degrees of vulnerability, a temporal study of NDVI variations was undertaken using Advanced Very High Resolution Radiometer (NOAA-AVHRR)(15-day, 8km) NDVI dataset (http://www.glcf.umd.edu/data/gimms/) and Moderate Resolution Imaging Spectro-radiometer(MODIS-TERRA)(16-day,250m) NDVI data product(http://mrtweb.cr.usgs.gov/). Time-series NDVI datasets were downloaded from their respective websites and a methodology was developed to assess and map agricultural vulnerability in India as there is yet no consensus on what constitutes 'best practice' in spatial vulnerability assessment (PROVIA 2013 , Preston et al., 2011 , UNDP, 2010 Celiset al., 2007) . GIMMS (Global Inventory Modelling and Mapping Studies) dataset of NOAA-AVHRR with 8km ground resolution were used to analyse agricultural vulnerability at regional and sub-national levels with state as administrative unit and agro-ecological sub-region (AESR) for a scientific agro-climatic understanding of vulnerability and exposure for the study period . MODIS -TERRA NDVI data product with 250m ground resolution was useful to assess vulnerability trends at a lower level i.e., district(administrative unit that implements strategies at local level) for the time period 2001 to 2012. Standard Precipitation Index (SPI) instead of actual rainfall data was used to corroborate extreme weather events with resultant NDVI variations (Mckeeet al.,1993; Saikia and Kumar, 2011; Dadhwal, 2011) .
CONCEPTS USED FOR AGRICULTURAL VULNERABILITY ANALYSIS
The Indian rainfed agriculture conversely called dryland agriculture is carried out in over 80 m ha out of a net sown area of 142 m ha in the country. The vast region has climate ranging from arid in western India to semi-arid in north-west India skirting the arid tract and in large parts of southern peninsula to hot dry and hot moist sub-humid climate in parts of southern peninsular region and in central India. , 1982-2012. To understand the impact of climatic variability on agriculture, resulting variability in length-of-crop-growing period which directly affects agricultural production in India, was analysed. Thus these three factors -vegetation, rainfall and crop growing period represented by NDVI, SPI and LGP were used as indicators for analysing impact of climate change on rainfed agriculture in India (Kaushalyaet al.,2013; Kaushalyaet al., 2014) .
Normalized Difference Vegetation Index (NDVI)
NDVI derived from 2-band information (Red and Near-infra Red) of multi-spectral imagery of a satellite data is a contraststretch ratio calculated from Red and Near-Infrared (NIR) 
Standardized Precipitation Index (SPI)
Standardized Precipitation Index (SPI) represents total difference in precipitation for a given period of time from its climatic mean and then normalized by standard deviation (SD) of precipitation for the same period. It provides an improved tool to assess variations in precipitation and associated impacts (Mckeeet al.,1993; Saikia and Kumar, 2011) . Hence, SPI instead of actual rainfall data was used for present study. India Meteorological Department (IMD) provides daily rainfall data of more than 100 years for numerous stations from archives. long.,were used to calculate SPI. Long-term precipitation record was fitted to a probability distribution which was then transformed into a normal distribution so that mean SPI for a location and desired period was equal to zero. Positive SPI values indicate greater than median precipitation, while negative values indicate less than median precipitation. As SPI is normalized, both wetter and drier climates can be presented in similar manner and both wet and dry periods denoting flood and drought could be monitored using SPI thus making it location and timeindependent. McKee et al., (1993) used SPI values to define drought intensities in USA. Accordingly, SPI of ≤ 1.00 for any given period was considered as start of reduced rainfall period that could lead to drought, if prolonged and drought is said to occur at any time when SPI was continuously negative and reached -1.0 or less. Drought event was said to end when SPI become positive. Thus, use of SPI insteadof actual rainfall data for the study period was useful to identify drought and flood events and corresponding NDVI.
Length-of-Crop-Growing-Period
NDVI was used to estimate length-of-crop-growing-period.A method was developed to identify Start-of-Season (SOS) and End-of-Season (EOS) using NDVI temporal dataset. To identify crop phenology stage, NDVI Threshold Value (TV) was identified for Kharifand Rabi seasons for each AESR using average NDVI value for three normal rainfall year (when rainfall deviations was < 25%). Normal rainfall years varied across India, given the large size of Indian sub-continent. TV of LGP assumes start / onset of cropping season (SOS) when NDVI crosses TV and moves in an upward direction. End of Season (EOS) is identified when NDVI moves below designated TV. To find TV, actual NDVI value of 15-day composite for an AESR was plotted and least NDVI value for corresponding season was taken as TV.Variations in LGP as a result of change in SOS or EOS affects agricultural production and yield as rainfed regions lack assured source of irrigation to support crops in case of monsoon failure, delay in its' onset, early withdrawal or intermittent breaks of over 2 weeks which affects crop phenology and in turn, crop growth and yield. Thus, variations in LGP can indicate how sensitive a region and its cropping system is to climate variability, which in turn indicates vulnerability of agricultural production system in a region. Data on variations in LGP can be useful to develop suitable crop variety and package of practices for cultivation in any given region. Crop Contingency Plans are coping strategies drawn to meet situation arising from late onset or early withdrawal of monsoon or long intermittent break in rainfall during the main rainy season.Based on CV of Max NDVI and SPI, variations of LGP during Kharif and Rabi seasons in various AESR in India were analysed.
Data products used
Time-series NDVI data products of AVHRR space-borne sensor of NOAA polar-orbiting satellites are available as 15-day composites with ground resolution of 8-km. The first two bands out of the five, i.e., Red (0.58 to 0.68 µm) and Near-Infrared (0.75 to 1.1µm) are useful for mapping clouds, land surface and delineate surface water bodies respectively when combined. Hence these are also useful for monitoring vegetation (Tucker et al.,2004 (Tucker et al., , 2005 . AVHRR NDVI data product is a part of the GIMMS dataset and was obtained from AVHRR instrument on board NOAA satellite series 7, 9, 11, 14, 16 and 17 for the period 1981 till 2006. The data are corrected for calibration, view geometry, volcanic aerosols and other effects not related to vegetation change and are made available for download from Global Land Cover Facility (GLCF) website as 15-day Maximum-Value Composite) (GIMMS, 2004) .In addition to this, NASA operated sensor Moderate Resolution Imaging Spectro-radiometer (MODIS) on board TERRA and AQUA earth observation research satellites with sweeping swath of 2330 km width and covering earth in 1-2 days in 36 discreet spectral bands, supplements earth observation seamlessly with a higher resolution NDVI dataset (http://terra.nasa.gov/). MODIS TERRA data has been found to be ideal for monitoring largescale changes in biosphere and was hence chosen for assessing agricultural vulnerability at a relatively finer-scale i.e., district in India. MODIS (16-day, 250m) NDVI composite products are freely available from Land Processes -Distributed Active Archive Centre (LPDAAC) website of USGS. The Indian subcontinent is covered in 13 scenes and NDVI data is available from February 2000 onwards till date.
3.METHODOLOGY FOR ASSESSING AGRICULTURAL VULNERABILITY
Time-series NDVI data products of both AVHRR and MODIS were analysed to identify the spatial extent of agricultural vulnerability in India. AVHRR NDVI data product which is available for whole of Indian sub-continent was sub-set from global coverage as a tile for each year starting from 1982. Bimonthly NDVI images (15-day, 8km) were stacked and preprocessed, followed by identification of pixel-wise Max NDVI for arriving at Maximum Greenness for any pixel during corresponding year for the period 1982-2006. This was followed by estimation of mean and standard deviation for Max NDVI. To understand variability in Greenness as an indicator of agricultural vulnerability, CV of Max NDVI was estimated which formed the basis for analysing agricultural vulnerability. Due to coarse resolution of dataset, agricultural vulnerability was identified at a regional level (AESR) as indicated earlier.
The extent of vulnerable region was identified at national-level. Method for identifying and estimating extent of agricultural vulnerability is indicated in Figure 1 .
Figure1. Methodology for assessing agricultural vulnerability
Spatial pattern of rainfall (1982 -2006) was mapped by interpolating 1 0 X 1 0 rainfall grid data by Kriging. SPI was calculated from 110-year daily rainfall records for each grid pointand trends were analysed. It was seen that rainfall was highest during July-August and corresponding Max NDVI occurred in Sept-Octoberannually. Analysis of annual and southwest monsoon rainfall pattern was used assuming 1982 as base year. Figure 2 indicates frequency of drought in India based on SPI.
Figure2. Occurrence of drought events in India based on SPI
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ASSESSMENT OF AGRICULTURAL VULNERABILITY USING NDVI DATASETS
AVHRR bi-monthly NDVI images were sub-set, downloaded and stacked and pre-processed. Pixel-wise Max NDVI was identified to arrive at Maximum Greenness for a given pixel during corresponding year for the study period 1982-2006. This was followed by estimation of mean and standard deviation for Max NDVI. To understand variability in Greenness as an indicator of agricultural vulnerability, coefficient of variation (CV) of Max NDVI was calculated which formed the basis for vulnerability analysis. The output helped in identifying regional agricultural vulnerability. Due to coarse resolution of dataset, agricultural vulnerability was identified at agro-ecological subregions (AESR) level. These regions are vulnerable due to low rainfall, frequent drought due to high rainfall variability and a gradual drying phase. Study indicated that a conservative estimate of 29 mha or 20.4% of net sown area in India was vulnerable to climate change.
CV of annual Max NDVI was estimated to assess trend in NDVI variability across various states and AESR in the country. In arid regions in western Rajasthan and Gujarat and south-central India in arid districts of Bellary and Anantapur, vegetation cover remainedsparse as agriculture is restricted to short window during southwest monsoon period. However the large livestock population contributes to increased vulnerability as fodder availability could be critical in the event of drought. Study of trend in Max NDVI during 1982 -2006 (Figure 3a & b) indicates a positive trend in vegetation index in this critical zone. In semi-arid and sub-humid zones which account for large area under rained agriculture, the natural resource base supporting agricultural enterprise is poor owing to shallow soil cover and falling groundwater table, in addition to presence of large number of marginal and small farm holdings that depend on southwest monsoon rainfall for carrying out agricultural operations. Agricultural vulnerability in this zone increases owing to impact of climate variability. In the humid regions where agriculture is undertaken in two to three cropping seasons annually, floods and/or drought could be devastating. Figure 3 a & b indicates a declining trend in AVHRR NDVI in humid western coastal zone and the north-eastern region of India which could be devastating for local and national economy. However, in the recent MODIS dataset, this was not seen, except in a few districts in the aforesaid regions. MODIS bimonthly (16 days) NDVI dataset of 250m resolution for 2001-2012 period was similarly processed and spatial variability of Greenness was identified at a larger scale namely district, which is an administrative unit entrusted with implementation of policy at local-level. Study indicated that over 47 mha or 33% of net sown area was vulnerable to climate change. MODIS dataset was also used to study variability in length-of-cropgrowing period (LGP) as an indicator of sensitivity of agricultural vulnerability.
Study of variations in LGP imparting sensitivity to rainfed agriculture
As recommended by IPCC (2007 IPCC ( , 2012 LGP showedan increasing (positive) trend in 17 AESR regions with 1% significance while in eight AESR the increase was significant at 5% level. In 32 AESR, there was no significant trend. However 13 of these 32 AESR regions recorded declining trend in LGP as indicated in Figure 4 .
In arid agro-ecological region covering western Rajasthan, Kachchh in western Gujarat and Anantapur in Peninsular India, there was no change in lower limit of LGP which denotes least number of days available for crop growth. However, there was a decline in lower limit of LGP in sub-humid rain-shadow region located in Maharashtra and Karnataka besides NellorePrakasam region in the state of Andhra Pradesh in addition to Madhya Pradesh and Chattisgarh in central India. In arid Jaisalmer district, there was no change in LGP while in semiarid districts of western Rajasthan and arid district of Anantapur, there was an increase in LGP; in rest of India, there was a decrease in LGP that augurs hardship to rainfed farmers in the region. Steep decrease in upper limit of LGP was noticed in prime agricultural areas in the states of Madhya Pradesh, Maharashtra and Telangana that will hurt farming communities in the region.
Analysis of MODIS dataset indicated a larger extent of agriculturally vulnerable region in India owing to finer ground resolution (250m) compared to that of AVHRR. Itenabled a precise analysis and accurate estimation of extent of vulnerable regions in India. There was dissimilarity in trends in lower limit of LGP as identified using MODIS and AVHRR datasets. While the former indicated a rise in lower limit of LGP in several AESR in central and southern India and a decrease in others during the period 2001-2012, the latter indicated no significant change in LGP (Kaushalya et al. 2014 ). NOAA-AVHRR and MODIS-TERRA satellites. The raster image of vulnerable region identified using CV Max of NDVI was overlaid with vector layer of boundary of AESR/ state/ district. Polygons depicting different categories of vulnerability based on CV of Max NDVI were mapped. Based on AVHRR dataset 87 districts encompassing 83.96 mha area was found to be vulnerable. Of these 24 mha was mildly vulnerable (10-20% CV), 4.0 mha was moderately vulnerable (20-30 %) and over 0.52 mha was severely vulnerable (>30%) (Figure 5 ).Using MODIS dataset, it was seen that over 122 districts were vulnerable and exposed to climate change. The spatial extent of this area was 110 mha of which 39 mhawas found to be mildly vulnerable (CV 10-20%), 5.6 mha moderately vulnerable (20-30 %) and over 1.4mha severely vulnerable (Figure 6 ).
TYPOLOGY OF AGRICULTURALLY VULNERABLE AREA IN RAINFED REGIONS IN INDIA
In view of the trends signified by indicators used for the study, it was essential to develop typologies to understand the hazard and risk of climate change based on vulnerability and exposure of the districts. To understand the type of vulnerability faced by agriculture in these districts, they were classified and grouped based on several parameters which enabled construction of typologies that could form the basis for developing strategies for adaptation and mitigation for agricultural vulnerability. The basis for classifying vulnerable districts in various typologies was as follows: LGP identified using climatic parameterswas used to develop baseline-typology which was then used to study variations in LGP as a result of climate change (Higgins and Kassam, 1981) .
Based on LGP derived from NDVI estimated from AVHRR
and MODIS datasets -Variations in LGP estimated based on these two datasets were compared with normal LGP identified using FAO model as indicated earlier.
Based on major cropping systems prevalent -Typologies
were drawn based on dominant cropping systems in vulnerable districts. This helped to identify which crops were vulnerable and what could be its impact on the people and local economy. Impact on livestock component of agriculture was also analyzed for assessing fodder availability during lean period.
Study indicated that in arid zone, 6 AESR in 4 states with 29 districts were found to be vulnerable and 12 crop types including cereals-mainly millets and pulses were predominant and LGP ranged from 50 to 120 days (Table-1 Appendix) . The
LGP derived from AVHRR and MODIS indicated a small but crucial reduction in lower limit and upper limit of LGP compared to long-term LGP estimated using FAO model (1983) . Crops that were vulnerable as a result of this were maize, cotton and groundnuts which are recently introduced high-value commercial crops. The region is also dominated by animal husbandry of small ruminants which is an important component of local economy. In recent years, cattle and buffaloes were being reared that increased vulnerability. In semi-arid region, 15 AESR in 8 states encompassing 80 districts with 43.79 mha was vulnerable and 16 cereals, pulses, oilseeds and cash crops that were being cultivated could be affected due to reduction in lower and upper limits of LPG from 60 to 90 days and 140-160 days instead of 180 days respectively. This region is dominated by bovine population that could be adversely affected. In dry sub-humid region, 4 AESR covering 5 states and 10 districts encompassing 4.27 mha with an LGP of 150-180 days was vulnerable and crops viz., paddy, maize, soybean, wheat, black gram and green gram besides coriander, sugarcane and cotton could be affected due to reduction in lower limit of LGP to 100-120 days. In moist sub-humid region, 2 AESR of central India highlands covering 0.74 m ha could be adversely affected.
CONCLUSION
Satellite-based NDVI obtained from NOAA-AVHRR and MODIS-TERRA (1982-2012) was useful to assess the extent of agricultural vulnerability in India. The indicators used for study -NDVI, SPI and LGP were suitable for a spatial study using The International Archives of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume XL-8, 2014 ISPRS Technical Commission VIII Symposium, 09 -12 December 2014 This contribution has been peer-reviewed. doi:10.5194/isprsarchives-XL-8-39-2014
